For the classification of hyperspectral images, a classification algorithm based on band grouping and three-dimensional convolutional neural network(3D-CNN-BG) is proposed. The algorithm uses the correlation matrix of hyperspectral images to determine the similarity of bands, and the high similarity bands are grouped together. Then, every bands group is extracted spatial-spectral feature using 3D convolutional neural network. Finally, the high-level feature of every 3D-CNN is stacked together trained by the classifier. With band regroup, the feature in the similar group can be extracted fully by the 3D-CNN, which is good for classification. The experiments showed that compared with other hyperspectral images classification algorithms based on CNN, the proposed algorithm converges more faster, has less training parameters, and acquires higher classification accuracy. After training 100 times, the overall classification accuracy on the indian pines data set can reach 97.42%, increased by approximately 2% ~ 5%, which shows the strong practicability of proposed algorithm in hyperspectral application.
similar bands. The experiments with the typical data set proved better results in this paper than other types of CNN algorithm, both in terms of algorithm convergence speed and classification accuracy.
2.Proposed Method
Compared with the 2D-CNN, the 3D-CNN is more suitable for 3D cube data mining. Through the 3D convolution operation, it can fully integrate the 3D data and extract more effective feature information. The classification framework proposed in this paper is shown in figure 1 . We can see from figure 1 that the proposed classification framework mainly includes three parts: band regroup, 3D-CNN feature extraction and network training. 
Regroup the Bands based on the Similarity between Bands
In the hyperspectral images, some spectral characteristic curves can be distinguished easily, but some are so similar that cannot be distinguished. The spectral characteristic curves of Alfalfa and Grass-pasture-mowed two kinds of objects in the Indian Pines data set [21] as shown in figure 2. It can be observed from the figure that both the spectral characteristic curves are so similar that it is difficult to the classification. Therefore, it is necessary to regroup the similar bands, and then to extract the effective features of the similar bands. The band-grouping algorithm is based on the spectral correlation matrix. The hyperspectral dataset can be regarded as a 3D tensor Χ∈R m×n ×b , and x ijk represents the corresponding value in the spatial position (i , j) of the k th band in the Χ . The correlation coefficient between the k 1 th and k 2 th band,
Here the σ (k 1 , k 2 ) represents the covariance of the k 1 th and k 2 th band,
x .. k 1 is the average of all pixels in the k 1 th band. The correlation matrix of the Indian Pines dataset is showed as the figure 3 , and where the light color indicates a higher degree of correlation. Neighbouring bands with a correlation coefficient difference smaller than a threshold τ are grouped together [20] , and in this paper τ =0.7 . According to the degree of correlation of the 200 bands, they can be divided into four band groups: 1~35, 36~77, 78~102, 103~200. In general, before training network it is necessary for data preprocessing. There are many common preprocessing methods including normalizing, standardizing and principal component analysis (PCA) whitening [22] . Compared with the other two ways, whitening reduces the hyperspectral data correlation between each band to a certain extent, and can make the training speed of the network faster and more stable. So the band group is whitened respectively. A band group can be denoted Ψ∈R 
The configuration of 3D-CNN
After the regouping the bands, the original hyperspectral dataset can be divided into ba
.. , g Taking into account the spectral-spatial information of the hyperspectral images, so not only the spectral characteristic curve of the target pixel is used to be trained to classify, but also the spatial information. Generally taking a
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. In this paper, we also utilize the 3D-CNN to train these 3D tensor to obtain the classification results. The traditional CNN is mainly composed of a series of convolution layers, pooling layers, full connection layers and classification layer [23] . The only difference between 2D-CNN and 3D-CNN is that the convolution kernel is a 3D tensor. In this paper, the network consists of 2 convolution layers, 2 pooling layers, 1full connection layers and 1 classification layer.
For convolution layer, the number of feature maps, the size of the convolution kernel and the selection of the activation function are very important. The number of feature maps is choose to ensure increased layer by layer, and finally the length of flattened vector is no more than 2 times the number of neurons in full connection layer. Because the size of neighborhood space w is not too large, it means that the spatial domain size ( ker 1 ×ker 2 ) in the convolution kernel ( ker 1 ×ker 2 ×ker 3 ) can not be selected is too large. So in this paper, we choose ker 1 =ker 2 =2 or 3, and the choice of ker 3 is decided according to the band number of band group.To the activate function, the sparsity of the "relu" function is more consistent with the neuroscience research. With "relu" function, the speed of the training network is faster than other activation functions, such as "sigmoid", "tanh" function. Therefore, "relu" function is choosed in this paper.
For the pooling layer, the way of pooling has great influence on network training. The common pooling methods include average pooling and max pooling. The two methods have little difference in the final effect, but the training speed of the network with max pooling is faster, so in this paper we choose max pooling as the pooling method. The sampling interval in three dimensions is 2.
Train the 3D-CNN
The high-level abstract features extracted by 3D-CNN flattened to get vectors. Then these vectors are stacked together to be trained by the full connection layer and the classification layer to obtain the classification results.
For the fully connection layer, in accordance with CHEN's 3D-CNN [14] settings, the "sigmoid" activation function is chose with 100 hidden layer neurons.
For the classification layer, hyperspectral classification is a multi-classification problem, so choosing the softmax classification layer is reasonabl. Then the output can be seen as the probability in different categories of a pixel.
For network training, we choose Nadam algorithm [24] improved on the Adam algorithm [25] to train the network. Compared with the SGD algorithm, Nadam algorithm converges faster, and obtains higher accuracy. In general, if you do not use the regularization, the network will tend to fall into the overfitting. So we introduce dropout mechanism [14] into the network.
3.Experiments

Description of the data set
The data sets used in this experiment are Indian Pines hyperspectral data set and Pavia University hyperspectral data set.
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Indian Pines hyperspectral data set is taken by AVIRIS in Indiana northwest of India pine forest test. The spatial size of the data is 145×145 , with a spatial resolution of about 20m.
There are remaining 200 bands available in this data set, with the removal of the water absorption bands (104~108, 150~163, and 220). The data set contains 16 kinds of known objects of a total of 10366 samples. Figure 4 shows the false color map and the ground truth of the data set. Because of the high similarity of the spectral characteristic in this data set, it brings great challenges to the accurate classification of objects. So it is widely used for testing the performance of hyperspectral image classification algorithm.
Figure 4: Correlation Matrix of Indian Pines
In order to test the performance of the proposed algorithm, other algorithms including spectral classification and joint spectral-spatial classification are tested on the same data set. In this paper, we mainly modify the CNN, so we will compare our algorithm with other CNN algorithm, including the spectral classification [20] and the joint spectral-spatial classification 3D-CNN [14] . 3D-CNN and our algorithm are set as the same network configuration. All the algorithm will be iterated 100 times to test the speed of convergence.
Results
For the Indian Pines data set, the band groups have been given in the section second: 1~35, 36~77, 78~102, 103~200. 10% samples is chosen as the training sample randomly from every category, and the remaining 90% is the test sample. The architecture of the network is shown in table 1, the network has a total of 6 layers, including 2 convolution layers, 2 pooling layers, 1 full connection layer and 1 classification layer. Table 1 : Architecture of 3D-CNN
The classification accuracy of every algorithm is shown in table 2. The classification accuracy of our proposed algorithm is the highest over majority categories, increased by about 2% than 3D-CNN. Figure 5 shows the classification maps obtained by these three algorithm. The overall classification accuracy of 1D-CNN-BG is relatively low, because in the experiment, every algorithm is iterated only 100 times. But the classification accuracy of the proposed 3D-
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The Classification of Hyperspectral Images Based on Band-Grouping Guangyuan Fu CNN-BG can achieve a higher one in the iteration for only the 100 times, which shows that compared with other algorithms, our proposed algorithm owns the faster convergence rate. In order to demonstrate the fast convergence of the proposed algorithm from the experimental point of view, the overall classification accuracy of every algorithm under different iteration times is calculated respectively. Figure 6 shows the relationship between the overall classification accuracy of every algorithm and the different iteration times. As can be seen from the figure, with the increase in the number of iterations, the overall classification accuracy of the proposed algorithm is always the highest. When the time of iteration is 2000, the overall classification accuracy can reach 98.79%, while the 3D-CNN and 1D-CNN-BG only can reach 97.93% and 95.35% respectively. 
4.Conclusion
According to the existing CNN algorithms for hyperspectral image classification problems, in this paper we propose a classification algorithm for hyperspectral image based on 3D-CNN combined with the band-groups. The bands are regrouped by the similarity between bands, then these groups will be extracted feature by the 3D-CNN. From the experiment on the indian pines data set, the proposed algorithm can converge more faster, and the parameters in our algorithm are less than the parameters need in the Chen's 3D-CNN. After only iteration 100 time, the OA of our algorithm can reach 97.42%, increased by almost 2.5% compared 3D-CNN.
